Cement hydration plays a vital role in the temperature development of early-age concrete due to the heat generation. Concrete temperature affects the workability, and its measurement is an important element in any quality control program. In this regard, a method, which estimates the concrete temperature during curing, is very valuable. In this paper, multivariable regression and neural network methods were used for estimating concrete temperature. In order to achieve this purpose, ten laboratory cylindrical specimens were prepared under controlled situation, and concrete temperature was measured by thermistors existent in vibrating wire strain gauges. Input data variables consist of time (hour), environment temperature, water to cement ratio, aggregate content, height, and specimen diameter. Concrete temperature has been measured in ten different concrete specimens. Nonlinear regression achieved the determined coefficient (R 2 ) of 0.873. By using the same input set, the artificial neural network predicted concrete temperature with higher R 2 of 0.999. The results show that artificial neural network method significantly can be used to predict concrete temperature when regression results do not have appropriate accuracy.
Introduction
Temperature prediction in fresh concrete is of great interest for designers and contractors because cement hydration is an exothermic process and the heat generation may lead to very early onset of thermal cracks in absence of any load [1] . Therefore, utilizing a method that estimates temperature during curing is very beneficial.
Cement hydration produces a rise in concrete internal temperature. Temperature rise varies by many parameters including cement composition, fineness and content, aggregate content and CTE (coefficient of thermal expansion), section geometry, placement, and ambient temperatures [2] . After reaching the maximum temperature, the temperature of concrete decreases [3] .
Pours with a large volume to surface area ratio are more susceptible to thermal cracking. Cements used for mass concrete should have a low C 3 S and C 3 A content to reduce excessive heat during hydration. Cement with a lower fineness with slow hydration reduces temperature rise. Mass concrete mixtures should contain as low of a cement content as possible to achieve the desired strength. This lowers the heat of hydration and subsequent temperature rise. A higher coarse aggregate content (70-85%) can be used to lower the cement content, reducing temperature rise. The CTE (coefficient of thermal expansion) of the coarse aggregate has the main influence on the CTE of the concrete. Lower CTE aggregates tend to have a higher thermal conductivity; thus, heat is released fast from the core. Lower ambient temperatures produce less temperature rise. Lower volume to surface ratio produces less temperature rise. / has a large effect on temperature rise. The lower / is, the less temperature rises [2] .
Measuring concrete temperature during curing requires instrument and high costs. The used concrete temperature prediction methods commonly consist of The Portland Cement Association (PCA) method, graphical method of ACI 207.2R, Schmidt's method [4] , and ConcreteWorks software package [5] .
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The PCA Method calculates 10 ∘ F temperature rise for every 100 lb of cement, provides no information on time of maximum temperature, does not allow the quantification of temperature differences, and assumes that the least dimension of the concrete member is at least 1.8 m (6 ft). Graphical method of ACI 207.2R uses charts and equations based on empirical data and assumptions are for boundary conditions. Generally, this method underestimates maximum temperature and is poor predictor of time to achieve maximum temperature. Schmidt's method is little guidance for boundary conditions and difficult to model. Moreover, it can be complicated and should be performed by an experienced engineer [5] . In addition to defects of three above-mentioned methods, they do not predict continuous concrete temperature. ConcreteWorks Software package used for predicting continuous concrete temperature, needs to measure amounts of concrete air content, slump, specified final compressive strength ( ), coefficient of concrete thermal expansion and thermal properties. This type of measuring spends too much time and cost. Thus, using quick and easy method for prediction of continuous concrete temperature, which measures input parameters in an easy and inexpensive way, could be very useful.
The aim of this study is predicting the temperature during concrete curing by use of time (ℎ), environment temperature, water to cement ratio, aggregate content, diameter, and specimen height as variables. The required data are a result of laboratory experiment. Multivariate regression (SPSS software) and artificial neural network (MATLAB) have been used for prediction.
Experimental Procedures
In order to predict temperature during concrete curing, it is required to measure the temperature continuously using the thermistors, which are located inside the concrete samples. The necessary data is obtained from ten experiments carried out on different cylindrical concrete specimens in the Institute of Geotechnical Engineering and Mine Surveying of Technical University of Clausthal, Germany. Different types of vibrating wire strain gauges were installed in each concrete specimen. The vibrating wire strain gauges are equipped with thermistors, and the concrete temperature was measured by it. During different stages of concreting in the concrete was appropriately compacted by a manual vibrator.
The measuring began right after specimen concreting and during the curing process. Temperature was recorded until 30 hours after concreting, which the temperature changes were rather stopped.
In order to predict the temperature more accurately, measured concrete temperature in specimens with similar strain gauges possibility was utilized as concrete temperatures.
The type of cement used in this study and produced by German Deuna Co. is a Portland cement (CEM I, 42.5R).
The characteristics of specimens are presented in Table 1 . The used aggregates in all specimens are coarse and silica type. Specimen no. 9 was put in cold weather (−2 ∘ C until +1.84 ∘ C) after concreting and during the curing process. For specimens with water to cement ratio of 50% and specimen no. 9 (concreting in cold weather), 30 mL plasticizer was used for each kilogram of cement. The measured temperature changes during curing for specimens are presented in Figure 1 .
Data Analysis and the Results

Multivariable Regression.
In this study, both linear and nonlinear regressions were used to develop equations between concrete temperature and input variables. The stepwise variable selection procedure was applied to prepare equations. The statistical parameters of the input variables are shown in Table 2 .
By using the least square mathematical method, the intercorrelations of time (ℎ), environment temperature, water to cement ratio ( / ), aggregate content, specimen height, and diameter with concrete temperature were calculated at 0.486, 0.704, 0.181, −0.617, 0.032, and 0.228, respectively. The results show that with the increase of environment temperature and 
In addition, the nonlinear equation between parameters is as follows: 
in which , out , , ( / ), , and ℎ are time (ℎ), environment temperature ( ∘ C), aggregate amount (Kg), water to cement ratio, concrete specimen diameter (mm), and height (mm), respectively.
The distribution of the difference between concrete temperature predicted from (1) and (2), and actual determined amounts are shown in Figures 2 and 3 . The results indicate that (2) can have a significant estimation of concrete temperature during curing for concrete made from CEM I, 42.5R.
Artificial Neural Network Procedure.
Among the existing numerous neural networks (NNs) paradigms, feed-forward artificial neural networks (FANNs) are the most popular due to their flexibility in structure, good presentational capabilities, and large number of available training algorithms [6] [7] [8] .
The basic structure of a multilayer feed-forward network model can be made of one input layer, one or more hidden layers, and one output layer [9] .
Neural network training can be made more efficient by specific preprocessing. In this paper, all the input and output parameters were preprocessed by normalizing inputs and targets; therefore, in the preprocessing stage, their mean and standard deviation are 0 and 1, respectively. Consider the following:
in which is an actual parameter, mean is actual parameters mean, std.
is actual parameters standard deviation, and is a normalized parameter [10] . : number of input nodes, : number of nodes in the first hidden layer, and : number of nodes in the second hidden layer. In this part of the study, ANN model is presented to predict concrete temperature during curing. Multilayer feedforward network model has been trained with BP (back propagation) training algorithm.
Different neural networks were designed, and the best parameters value was obtained by trial and error. However, the main aim is to acquire a neural network with the smallest dimensions and the least errors. The most appropriate results have been obtained from chosen network model in which hyperbolic tangent sigmoid and linear functions were used as an activation function for the hidden and output layer neurons. According to (1), the selected variables were determined as the best variables for predicting concrete temperature. Therefore, those variables, which were used as input to ANN for the improvement of concrete temperature prediction, are listed in Table 3 .
The data in the model were separated into three: training, validation, and test sets in which the test set was used after training. The validation and training process were stopped after 245 epochs for model.
The performance function is the mean square error (MSE), the average-squared error between the network predicted outputs and the target outputs, which are equal to 0.00044 for training. The correlation coefficients for the validation and training stages are presented in Table 4 .
Figures 4, 5, and 6 show a graphical comparison of the determined experimental temperature and those predicted by artificial neural network in the validation, training, and test process for model.
The distribution of the difference between predicted temperature by ANN and actual values in the test process is presented in Figure 7 .
It was observed that concrete temperature prediction using ANN procedure could be more acceptable and satisfactory than others. right after specimen concreting and continued until 30 hours after.
Conclusions
(ii) The model used for concrete specimens, which were prepared with Portland cement (CEM I, 42.5R), was utilized for estimating concrete temperature using stepwise regression and artificial neural network methods.
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Difference between actual and ANN predicted temperature (iii) The inter correlation between input variables and concrete temperature showed that higher environment temperature and time in concrete can result in higher concrete temperature and higher aggregate content in concrete results in lower-concrete temperature. No other parameters were significant.
(iv) The linear and nonlinear equations can estimate the concrete temperature with correlation coefficients ( 2 ) of 0.814 and 0.873, respectively.
(v) The artificial neural network procedure can predict the concrete temperature with correlation coefficient of 0.999. Therefore, the obtained results are much better than multivariate regression.
(vi) The results show that artificial neural network is a reliable method to predict concrete temperature during curing.
